Abstract The present work developed a model for the description of a full-scale wastewater treatment plant (WWTP) (Manresa, Catalonia, Spain) for further plant upgrades based on the systematic parameter calibration of the activated sludge model 2d (ASM2d) using a methodology based on the Fisher information matrix. The influent was characterized for the application of the ASM2d and the confidence interval of the calibrated parameters was also assessed. No expert knowledge was necessary for model calibration and a huge available plant database was converted into more useful information. The effect of the influent and operating variables on the model fit was also studied using these variables as calibrating parameters and keeping the ASM2d kinetic and stoichiometric parameters, which traditionally are the calibration parameters, at their default values. Such an ''inversion'' of the traditional way of model fitting allowed evaluating the sensitivity of the main model outputs regarding the influent and the operating variables changes. This new approach is able to evaluate the capacity of the operational variables used by the WWTP feedback control loops to overcome external disturbances in the influent and kinetic/stoichiometric model parameters uncertainties. In addition, the study of the influence of operating variables on the model outputs provides useful information to select input and output variables in decentralized control structures.
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Introduction
Modelling wastewater treatment plants (WWTP) is the fundamental stone to improve WWTP performance through identifying bottlenecks and proposing modifications of existent plants or to design a completely new one. Besides the experimental knowledge, mathematical models are a set of tools for predicting plant behaviour under different conditions from the ordinary outlook of the WWTP or under unexpected operational scenarios [1] . The models are also useful for changing process concepts and developing new plant configurations [2] . The operation of WWTPs is based on the behaviour of different microorganisms, which are responsible for biological nutrient (nitrogen and phosphorus) and organic matter (carbon) removal. Such processes are well described by the International Water Association (IWA) models ASM1, ASM2, ASM2d and ASM3, even though other models have been used and accepted in practical and scientific media as the TUD-P model [3] [4] [5] or the ASM3 EAWAG Bio-P [6] . Activated sludge model 2d (ASM2d) model is being used in many researches concerning WWTP because it includes the most important biological processes of ordinary heterotrophic biomass, heterotrophic phosphorus accumulating organisms (PAO) and nitrifiers. Ferrer et al. [7] used this model to fit full-scale WWTP data and then to evaluate different configurations for improving nutrient removal. Ingildsen et al. [8] calibrated the ASM2d model for the Avedøre WWTP (Denmark) to support a control strategy for maintaining the enhanced biological phosphorus removal (EBPR) process activated for long periods. Xie et al. [9] also used ASM2d to simulate and optimize a fullscale Carrousel WWTP. García-Usach et al. [10] or Machado et al. [11] successfully used ASM2d for describing EBPR process at pilot scale. WWTP models are also useful for studying and proposing several control strategies to guarantee the effluent quality with or without external disturbances (storm events, peaks of pollutants in the influent…). The effluent quality is the main goal of the control structures, where ammonium, nitrate and phosphorus are the main pollutants that should be kept at lower values to avoid the eutrophication effect. Nevertheless, dissolved oxygen (DO) and the sludge retention time (SRT) are the inventory variables that should be controlled first [12] . To control ammonium concentration, a cascade controller which calculates the DO setpoint in the aerobic basin using the error between the desired ammonium concentration and the real measurement in the effluent is designed [13] . An ammonium feedback-feedforward controller also could be implemented if the ammonium influent load is estimated or measured [14] . Nitrate removal is accomplished by the denitrification processes which depend on the readily organic matter available in an anoxic zone and the nitrate concentration. Two ways of controlling the nitrate concentration at the effluent are adding external carbon source and changing the nitrate recycle from the aerobic basin to the anoxic one in most of the WWTP [15, 16] . It is worth noticing that the measured and the manipulated variables also have uncertainties, like recycling flow measurements and dissolved oxygen concentrations. All the above-mentioned control applications using WWTP models should be preceded by a correlation analysis of the available manipulated variables not to add internal disturbances to control the effluent quality.
Despite all the cited models are essential tools for improving many aspects of the wastewater treatment, they are structured on kinetic and stoichiometric parameters that should be identified for better accuracy. Besides, their state variables are not exactly the same as the information obtained from laboratory analysis periodically performed in the WWTP. Therefore, it is necessary, first, to convert some daily plant measurements of the influent into model states and, second, to calibrate parameters using plant data and lab assays (batch tests with the plant biomass). In the literature, it is possible to find a methodology to accomplish the first task before mentioned [17] , although the influent identifiability linked to its variability has not received much attention. The parameter calibration could be performed using protocols reported in the literature [18, 19] as the protocols developed by STOWA [20] , BIO-MATH [21] , WERF [22] , HSG [23] or Mannina et al. [24, 25] . All these protocols are good at posing well the goals of the calibration, systematically treat the plant data gathered and have a validation step with different data from those used to calibrate the model. On the other hand, only BIOMATH, WERF or Mannina et al. protocols pay attention to the parameter subset selection to maximize the information mined from the plant data. Machado et al. [11] developed an alternative calibration methodology, called the ''seeds methodology'', using criteria derived from the Fisher information matrix (FIM) to avoid overfitting. Although the hydraulics modelling and a detailed biomass characterization are not emphasized in this last method as in the HSG and BIOMATH protocols, respectively, the usage of a large amount of available plant data combined with a systematic procedure to find the most identifiable parameters subset, without testing all the possible parameters combinations, is the strength of the ''seeds methodology''. Unfortunately, the performance of all the abovementioned protocols is affected by uncertainties from different sources during the modelling task. Refsgaard et al. [26] pointed out that several error sources affect the quality of model simulation results: (1) context and framing; (2) input uncertainty; (3) model structure uncertainty; (4) parameter uncertainty and (5) model technical uncertainty. Sin et al. [27] deepened in the uncertainty analysis, concluding that both biokinetic/stoichiometric/influent fractionation-related parameters as well as hydraulics/mass transfer-related parameters induced significant uncertainty in the predicted performance of WWTP. Moreover, Cierkens et al. [28] studied the effect of the influent data frequency on the calibration quality and output uncertainty of the WWTP model fit.
Uncertainty assessment of kinetic and stoichiometric model parameters of ASM1 and ASM2 has been applied for full-scale WWTP as in Mannina et al. [29] , who evaluated the model reliability identifying the crucial aspects where higher uncertainty relies and more efforts should be provided in terms of both data gathering and modelling practises. The uncertainty associated with operation and design parameters of WWTP have also been studied [30] showing that they are the most sensitive parameters for some benchmarking studies. Finally, Belia et al. [31] pointed out that identifying and quantifying the uncertainties involved in a new design or plant upgrade become crucial because WWTPs are required to operate with increased energy efficiency and close to their limits. They also note the need for the development of a protocol to include uncertainty evaluations in model-based design and optimization projects.
To consider some kind of those commented uncertainties on the modelling task and concentrating effort at the calibration step, the present work developed an AS model for the Manresa WWTP (Manresa, Catalonia, Spain) based on the systematic parameter calibration of the ASM2d model using the ''seeds methodology'' for further plant upgrades, as the insertion of the EBPR and the design of a new control structure for the plant. The influent was characterized as required by the ASM2d and the parameters were selected, calibrated and their confidence intervals were assessed as stated in the ''seeds methodology''. The calibration parameters were divided into three groups: the traditional kinetic/stoichiometric parameter group (K group); the influent factors representing errors/uncertainties of the influent characterization (I group) and the operational variable factors (O group), considering errors/ uncertainties on the measurement of the operational variables. The procedure assessed, in addition to the conventional calibration of the K group, influent and operational variables uncertainties in two additional calibrations: (1) influent vector of states in the ASM2d model (I group) was used as calibration parameters while parameters of K and O groups were kept at their default values and (2) the O group was used as calibrating parameters while K and I groups kept constant. Such ''inversion'' of the traditional model fit procedure allowed to evaluate the quality of the influent characterization and to observe the set of operating variables which has the less number of uncorrelated variables amongst themselves for better designing a decentralized control structure for the WWTP.
Materials and methods

Brief description of the Manresa WWTP
The average flow rate of Manresa WWTP is 27,000 m 3 / day. This WWTP ( Fig. 1) consists of a pre-treatment (gross and grit removal), primary treatment with a clarifier, a secondary stage (biological removal) and a possible tertiary stage (chlorination). There are two main treatment lines in the secondary stage (Fig. 2) . Each line has three anoxic reactors (1,460 m 3 ) and one aerobic reactor made up of two parts of 3,391 m 3 . Each reactor has *7 m of depth. After passing through the anoxic zone, the bulk liquid is mixed and is again divided to feed the aerobic zone. Air is bubbled from the bottom of the aerobic tanks with membrane diffusers, allowing biological oxidation of the organic matter and ammonium. An internal recycle pipe connects the aerobic zone to the anoxic one to bring the nitrate to be denitrified in the anoxic zone. At the end of the secondary stage, two settlers separate the biomass from the treated effluent. Settled biomass returns to the entrance of the anoxic reactor by an Archimedes screw. The excess of sludge is anaerobically digested and sent to a composting plant. The effluent, after leaving the secondary settler, can be chlorinated and it is disposed to the environment at the Cardener River.
It is worth noticing that the preferential flux of the inlet mass stream to one of the main treatment lines is observed experimentally. The presence of DO (0.5-1.0 mg/L) at the end of the anoxic reactors indicates that the denitrification is not occurring at the maximum intensity because there is a lack of organic matter to improve the nitrate reduction and a poor mixing is taking place. Also, a non-homogeneous spatial distribution of DO was observed along the aerobic reactors, not only along the influent path but also in depth.
Daily analyses of chemical oxygen demand (COD), biological oxygen demand (5 days) (BOD5), total suspended solids (TSS), NH 4 ? , NO 3 -, PO 4 3-, total Kjeldahl nitrogen (TKN) and total nitrogen are performed at the influent and the effluent of the secondary treatment. The daily composite samples are collected from the full-scale WWTP by sampling every 2 h. The only system variable measured in each reactor of the secondary treatment is the TSS concentration.
The air supply system is composed of four air blowers with 100,000 Nm 3 /day of capacity, whose motor speed is controlled by a single DO feedback controller in the aerobic basins. The aerobic zone of each water line has two on-line DO sensors, one of them placed at the 25 % of the path along the zone and the other one placed at 75 % of the aerobic zone. The DO PI controller uses a weighted average of the four DO concentrations as the measured variable, and compares it to a DO setpoint, usually equal to 2.0 mg/L. Once computed the error between the setpoint and the averaged DO, the new setpoint speed of the blowers is calculated by the PI algorithm and sent to the devices. Physically, the air is moved to a primary header after being discharged by the blowers. Then, the air flow rate is divided into two branches. The right branch feeds the middle part of the two aerobic zones while the left branch feeds the entrance and the end of the two aerobic zones.
The main operation costs are electrical energy for aeration and pumping, sludge treatment (anaerobic digestion and composting) and chemical products for P precipitation.
Influent composition and patterns
Influent composition and its variability is key information for plant modelling and description of changes along the year due to seasonal patterns. Table 1 shows influent properties (averages) straightforward linked to the wastewater composition in winter and summer months for the Manresa WWTP. Considering the effluent limits of COD (125 mg O 2 /L), BOD5 (25 mg O 2 /L), total N (10 mg/L), ammonium N (4 mg/L) and total P (1 mg/L), defined by the local water agency (Agència Catalana de l'Aigua, ACA), the Manresa WWTP, with average effluent flow rate of 27,000 m 3 /day, could deliver an effluent load of 3,375, 675, 270, 108 and 27 kg/day, respectively for these pollutants. The total P discharge load was kept at the limit of On summer months, contaminant loads are considerably lower than in winter months, probably because the people move from Manresa to vacation locations. These qualitatively recognized patterns can be mathematically analysed looking for daily, weekly or monthly profiles that could help to improve the tuning of feed-forward controllers, for refusing external variations whose pure feedback controllers do not deal easily, as well as to promote a timescheduling load profile for dosing extra COD source for denitrification and FeCl 3 for chemical P removal.
Model structure
The kinetic model implemented for modelling COD, N and P removal was the IWA ASM2d model [5] . It has 19 state variables and 21 processes, which include nitrification and denitrification and the poly-hydroxyalkanoates (PHA) accumulation process, the latter fundamental for EBPR.
The settler model adopted was the ten layer Takács et al. [32] model. The wastewater entrance is at the fifth layer. At the end of the process, the effluent leaves the settler from the upper part (the collector, layer 1) and the settled biomass is recycled from the bottom of the settler (layer 10) to the feed of the biological treatment. The recycled biomass (external recycle, Q RAS ) is reincorporated to the process, being mixed to new influent of the biological treatment. The soluble components of the wastewater leave the settler with a concentration calculated considering CSTR behaviour for these compounds. The settleability of particulate states is linked to the settling velocity which is calculated by a double exponential function (Eq. 1) Although daily analysis of the influent is performed as detailed previously, additional experimental data were needed to obtain the specific characterization required for ASM2d. Therefore, some experiments were performed with wastewater leaving the primary clarifier following the methodology described by Orhon and Artan [33] as detailed in Montpart [34] . The determined influent stream characteristics were S I = 0.080 COD, X I = 0.055 COD, X S = 0.450 COD and S F = 0.410 COD and these ratios were assumed constant. See supplementary information S1 for details of this characterization. The values of the influent variables X TSS , S NH4 , S NO3 , S PO4 were assumed to be equal to the experimental observations (analysis of daily composite samples). The variables S A , X PHA , X PAO , X PP , S N2 , S O2 , X A , X MEP were assumed to be zero. Hence, the inlet heterotrophic biomass was calculated by Eq. 2:
The variable X MEOH was not considered zero due to the presence of chemical phosphorus precipitant agent and its value along the time was defined in the steady-state calibration, when the phosphorus behaviour in the effluent was evaluated. Finally, S ALK (the plant influent alkalinity) was assumed to be 7 mol of HCO 3 -/m 3 .
Results and discussion
Preliminary steady-state calibration
Model calibration was performed in two steps: a steadystate calibration and a dynamic calibration. The former step was useful to minimize structural discrepancies between the plant model and plant data. By its turn, the dynamic calibration involved not only the determination of kinetic and stoichiometric parameters, but also an estimative of the useful volumes of reactors and settlers and the necessities of P-chemical precipitant agent and extra load of biodegradable COD required for denitrification. Figure 3 shows a simplified scheme of the overall calibration/validation process used in this work. Preliminary calibration aims to reduce structural discrepancies between the model and the experimental variables, especially to reduce the main differences between experimental TSS and TSS model predictions. Experimental data were averaged (influent values and operational parameters like DO and flow rates) and the resultant values were used as inputs to the simulation model (constant inputs). A period of 1,200 days was simulated with the default ASM2d parameters and the steady-state values were used as initial values for all the simulations performed afterwards. TSS concentrations in the effluent and in the wastage purge stream were used as output variables to calibrate the following parameters:
1. r p and f ns (settling model parameters), to decrease the differences between TSS in the effluent and the model predictions for this output. 2. f Qw and f QRAS , to adjust the model TSS in the effluent and in the purge (and consequently in the solids inside the aerobic reactors).
A preliminary calibration cost function (PCCF, Eq. 3) was employed to perform the preliminary steady-state calibration of the WWTP model
where, k is related to each output variable; r is related to each experimental data (each day). The whole period studied had m = 1,200 days. q k is the weight to normalize the output variables since their values are very different. Ammonium was used as the reference value for the normalization, and hence the weights were calculated as the ratio of the average of ammonium concentration at the effluent to the average of the other output variable (TSS in the effluent and in the external recycle) as shown in Eq. 4. Fig. 3 Simplified scheme of the overall calibration/validation process The weights used for the TSS in the effluent and in the external recycle were, respectively, 3.637 9 10 -4 and 2.404 9 10 -4 . y exp k,r is the experimental data of variable k at day r. y model k,r is the model output of variable k at day r q k ¼
where y k,r is the data of the other output variables (i = X TSS at the effluent and X TSS at the purge) and m is the total number of experimental data (m = 1,200).
In addition, X MeOH in the influent was manipulated to adjust the phosphate concentrations in the effluent. The calibrated values of the parameters were: r p = 1.036 9 10 -2 , f ns = 2.566 9 10 -3 , f Qw = 0.1736, f QRAS = 1.911 and f XMeOH = 1.237. These calibrated parameters were considered constant and were maintained in these values during the dynamic calibration procedure. The values of the calibrated parameters f Qw and f QRAS were also used as initial guesses in the dynamic calibration of the Operational Variables group.
Development of the cost function for dynamic calibration
Data from seven effluent variables were available for model calibration of Manresa WWTP: ammonium, nitrate, phosphorus, TSS, COD, BOD5 and TKN. These variables were considered the output variables of interest. Data period used for model calibration was from October 2007 to May 2008. Due to its daily oscillation, COD and BOD5 were used only for model validation. In the dynamic calibration step, Eq. 5 was used as cost function
where, i is related to each output variable; j is related to each experimental data (each day). The whole period studied had n = 251 days. w i is like q k a weight to normalize all the output variables, which have different units and values, using ammonium (w = 1) as a common base. Hence, the weights were calculated as the ratio of the average of ammonium concentration at the effluent to the average of the other output variable (NO 3 -, PO 4 3-, TSS and TKN) as shown in Eq. 6. The weights calculated for nitrate, phosphorus, TSS and TKN were 0.235, 1.124, 0.091 and 0.532, respectively. y exp i,j is the experimental data of variable i at day j. y model i,j is the model output of variable i at day j.
where y i,j is the data of the other output variables (i = NO 3 -, X TSS , N TKN or PO 4 3-) and n is the total number of experimental data (n = 251).
The calibration cost function (CCF) value calculated with the original model prediction (with default parameters) was 83.46, but after the preliminary calibration step (optimization of PCCF) it was reduced to 67.68 (18.9 % improvement).
The validation cost function (VCF) was calculated also with Eq. 5, but using experimental results of years 2008-2010. Due to the associated uncertainty of full-scale WWTP, operational variables, as the plant flow rates and the DO in the aerobic basins could also be used as parameters to calibrate. The internal recycle, external recycle and purge flow rates data observed by the WWTP personnel probably contain uncertainties (no reliable flowmeters are usually available) and hence, some multiplying factors were created to consider these uncertainties. These factors were f QW for the purge flow rate, f QRINT for the internal recycle flow rate and f QRAS for the external flow rate. In the case of the uncertainties of the DO sensors, the multiplying factor was the DO_Gain.
As the influent concentrations of each model variable neither are perfectly determined, additional influent factors were adopted for further adjustments in the inlet concentration of these variables.
Parameter grouping for dynamic calibration
The full plant model has about 90 model parameters, but only the 24 most sensitive parameters were studied. This set of 24 parameters was divided into three subsets: the kinetic/stoichiometric parameters (group K, with 10 parameters), the influent parameters (group I, with 10 parameters) and the operational parameters (group O, with 4 parameters). In fact, only parameters of the kinetic/stoichiometric macro-group were used for real model calibration. The macro-groups I and O were used to obtain additional information for process control and data quality.
The subset of kinetic/stoichiometric parameters was made up of the growth and decay parameters, yields and saturation constants of all the involved biomasses (autotrophic, heterotrophic and PAO). When calibrating the model with this group, it was assumed that the influent composition during all the calibration period was completely known, as well as the operational parameters. This assumption was not strictly correct since on-line measurements of all the ASM2d states are never available. On the other hand, using the subset of influent parameters, it was assumed that all the default kinetic/stoichiometric ASM2d parameters were perfectly correct, as well as the operational parameters. As determining online all the ASM2d variables in the influent stream would be a very difficult and expensive task, the group I calibration was used for obtaining additional information about the influent data quality and to determine which variables in the influent could be easily modified to adjust the model. At last, using the group of operational parameters, both kinetic/stoichiometric parameters and the influent composition were considered perfectly fitting the biological processes rates and the incoming pollutant loads, respectively. Amongst all the parameters, group O was used for process control in the normal plant operation. Therefore, it was determined the parameters of this group that more easily provided fast plant response to reject external disturbances to the control system. This knowledge was obtained using the same calibration methodology of the group K to the group O. Sensitivity analysis Table 2 presents the overall sensitivity, calculated as the sum of relative sensitivity for ammonium, phosphate, nitrate, TKN and TSS in the effluent (see the equations used in the supplementary information S2). The advantage of using the relative sensitivity for calculating the overall sensitivity is that all the output variables have the same importance.
The parameters of each macro-group that most affect the model outputs were ranked in descending order in this table. In the case of the K group, the heterotrophic biomass growth yield, the nitrification and the phosphorus chemical precipitation are well represented by the ranked parameters. K PRE and K RED have almost the same impact on the model outputs, but their impacts are less important than the N removal processes.
Regarding the influent group, the inlet X S , P-related processes and the inlet ammonium concentration were the most important calibrating parameters. It is observed that PO 4 3-or MeOH inlet concentrations are more important than the own kinetic precipitation parameters K PRE and K RED of K group. These results indicate that chemical P-precipitation and P-redissolution processes are kinetically limited due to the low phosphate and MeOH concentration in the biological reactors.
In the case of the operational parameters, the purge flow rate and the DO have the most influence on the model outputs. Nevertheless, all the parameters of this group would have to change considerably to affect the outputs in the same quantity as the kinetic/stoichiometric or the influent parameters. Table 2 also shows that inlet MeOH concentration, which could be used to control P chemical precipitation, produces more impact on the outputs than the process control variables considered in group O. Regarding S F inlet concentration, which could be used for controlling denitrification, it would affect the outputs in the same extent of the best parameter of the group O, the purge flow rate.
The previous sensitivity analysis was used to select the possible calibration parameters for applying the ''seeds'' methodology. The K group has ten elements that most affect the model outputs. No more kinetic or stoichiometric parameters were included since the 10th parameter of the sensitivity list (Table 2 ) of this group (g NO3,D ) only affects the model output\10 % the 1st parameter. The I group has all the influent states that commonly could affect the model output. It is important to remember that this group could be of size 19, the 19 state variables of the ASM2d, but the results of Table 2 show that only the first nine affected the outputs. Finally, the O group has all the four variables that are commonly used to control de WWTP processes. In case of adding external readily organic matter to improve denitrification or phosphorus removal, such group of parameters would have size of 5.
Dynamic calibration methodology
Dynamic calibration was performed following the methodology of the ''seeds'' [11] and starting from the results obtained by the preliminary calibration and the sensitivity analysis. This is the first reported application of this method using full-scale plant data. The procedure uses the RDE criteria calculated from the FIM as the ratio of normalized D to modified E criteria (RDE) (see supplementary information S3 for additional details). From the sensitivity ranking, the best-ranked parameters are named as ''seeds'', since each one serves for growing a parameter subset for model calibration. The subset generation process adds to the seed subset, a parameter that presents the highest RDE among the combination between the current seed subset and all the other remaining best-ranked parameters of the sensitivity rank. The process of generation of parameter subsets is automated, independent of the user and exclusively based on mathematical tools, which was considered a necessary improvement of model calibration techniques pointed out by Sin et al. [18] . The ''seed'' methodology allows generating subsets with the maximum capacity to explain plant behaviour with the less possible correlation amongst its parameters. All the subsets generated could systematically be compared with each other. The process of parameter addition repeats until the RDE decreases from the current iteration to the previous one, for each seed. After that, the subset with the highest RDE criterion is elected and the parameter values are already changed to the calibrated values during the ''seed'' growth. Tables 3, 4 and 5 present the results of applying the abovementioned calibration methodology using parameters of groups K, I and O, respectively.
Dynamic calibration results
Calibration of kinetic parameters
The ten best subsets were selected from the tested seeds. See Table 3 for details. The common subset size is of four parameters. Nevertheless the highest RDE value was calculated for a subset of six parameters (subset of seed g NO3,D ). This subset produces the lowest CCF and VCF, resulting in the most suitable subset for model calibration even though the confidence interval of one parameter is considerably high. As the current plant is an A/O WWTP, no parameters related to the biological P-removal appear in the ten most impacting seeds. On the other hand, in all the subsets K PRE or K RED parameters appear linked to the Norm of parameter confidence interval (%) is the parameter that provides more information about the plant behaviour (lowest CCF and VCF when this parameter is inside the calibration set), despite its lower value (0.0296) and more than 50 % of confidence interval (default ASM2d value is 0.80). Such value indicates that a poor denitrification process is occurring in the plant caused by a lack of carbon source and some amount of DO transported from the aerobic zone to the anoxic one. It would be recommendable to add extra carbon source to the influent stream to increase the efficiency of the nitrogen removal processes.
Considering that the influent composition determined by laboratory test and using plant data is perfectly known along the years of calibration and validation data, the best subset obtained following the methodology of Machado et al. [11] Fig. 4 for comparisons between the model prediction and the plant data. The model provides a good fit of the five variables used for its calibration: ammonium, nitrate, phosphorus, TSS and TKN, while makes reasonable predictions of the rest of variables. In this subset, a calibrated value of 0.4181 for Y H means that more COD is consumed for maintenance of the heterotrophic biomass than the consumed for promoting the growth of the microorganisms. It was not expected this low value for this parameter, since the default value of Y H is 0.625 [5] . However, similar values for Y H around 0.45 were obtained in the other subsets from the rest of seeds. Such an unexpected result, probably, is derived from a lack of knowledge on the influent composition and from the optimized values for sedimentation parameters obtained in the static calibration. Nevertheless, g NO3,D subset showed the best compromise between explaining the plant behaviour and avoiding parameters correlations, with lower CCF and VCF values.
Gross modelling errors could be corrected in the preliminary calibration step. Nevertheless, poor BOD5 predictions in the effluent could be an indication that a false denitrification rate is occurring, probably because a lack of easily biodegradable COD is not captured. Figure 5 compares the model predictions to the validation data, which is a completely different dataset from the calibration data. In  Fig. 5 , the parameters' subset of the best seed of Table 3 makes the model suitable for predicting correctly ammonium, nitrate, phosphate, solids, TKN and COD in the Fig. 4 Model predictions using the best seed (subset from the seed g NO3,D ) and plant data (calibration data). For checking the parameter values used in this simulation, see Table 3 c Fig. 5 Model predictions using the best subset (from seed g NO3,D ) and the validation data (plant data) 
Calibration of influent parameters
Although the parameters of the influent group would not be used to make a real fit of the model as in a conventional calibration procedure, some useful information can be extracted from these results ( Table 4 ). The optimized values of parameters are factors that multiply the influent vectors for each variable of the influent. Therefore, a value of 1.414 of f SNH4 of the f SI seed means that the ammonium vector of original plant data increased 41.4 % to minimize the cost function.
The most common subset size is five or six parameters. Parameters f SALK , f XMeOH , f SNH4 and f SPO4 are present in almost all the subsets, which indicate that each variable is explaining the model and is not interdependent amongst all of them. This information is also useful to decide the influent variables where the sampling and measuring efforts should be focused for a reliable optimization of kinetic parameters. Table 4 also brings some other relevant remarks. The influent parameter group could achieve good values of CCF and VCF in most of the tested subsets compared to the subsets of the kinetic group. Thereby, if the weight of the influent parameter group (new approach) is stronger than the kinetic one (traditional way) on the model prediction, the variability of the influent composition and the error concerned to the characterization procedure could explain the deviation between the current model and the standard model ASM2d predictions. Therefore, these results demonstrate that the confidence of the influent characterization is a key factor to consider before fitting any parameter of a given model. In this sense, the importance of uncertainties associated with the influent characterization that induces significant uncertainty in the model predictions has been already highlighted in the literature [27, 28] .
Comparing the results of f XTSS and f XS seeds, it is observed that the result of f XTSS seed explains better the outputs than the result of f XS seed, although the inclusion of f SF in the former subset increases correlation among parameters. In addition, the calibrating methodology did not allow the simultaneous presence of f XS and f XTSS in any calibration subset, probably due to the high correlation between these variables.
Finally, nitrate data are correlated to the S F data, since in both created subsets where f SNO3 appears (seeds f SNO3 and f SI ), high parameter confidence interval values are reported. The existence of such correlation is clearly realized in the subset created by the f SNO3 seed, which is made up only by f SNO3 and f SF .
Calibration of operational variables
Considering the operational variables, only two different subsets could be created (see Table 5 ), which means that almost all the variables help to explain the experimental observations without correlation. Nevertheless, when inserting the biomass recycle flow rate (f QRAS ) into a parameter calibration subset, a strong correlation to the internal recycle flow rate was added. It indicates that in a possible control structure for controlling simultaneously N, P and COD removal, the biomass recycle flow rate and the internal recycle flow rate could not be changed at the same time or their modifications should be done in different magnitudes to avoid its interaction. Table 5 also shows that operational variables could improve model fit, i.e., the observed variability with respect to ASM2d prediction with default parameters could be explained considering that the operational variables were not well measured. This is an important problem in any model fit using full-scale WWTP data, where there are gradients and time variability of operational variables, which do not have the same homogeneity and reliability than in a controlled pilot WWTP.
Remarks
The ''seeds'' methodology applied to different group of parameters, not only the traditional kinetic and stoichiometric ones, is a novel approach and allows:
• To automate the parameter subset selection, an improvement in the model calibration techniques pointed out by Sin et al. [18] . The usage of the sensitivity analysis is similar to that found in BIOMATH protocol [21] . The ''seed'' methodology searches for the minimal number of parameters that explains the plant data with the less possible correlation amongst the calibration parameters. The utilization of a higher number of parameters as done in other works [24, 35] provides a good model fit, but it is not usually supported by a study of its correlation, which weakens its mathematical validity, as it is likely disregarding overfitting problems that could reduce the model predictive capacity.
• To measure, in some extent, the influent states with higher uncertainties, which aid to concentrate efforts in programming specific experiments to better characterize these input variables (load disturbances). Such an uncertainty measurement is in agreement to the philosophy of BIOMATH [21] , STOWA [20] and WERF [22] protocols, which are supported, amongst other premises, on an excellent influent characterization.
• To identify the most correlated operational variables not to add them together inside a control structure with decentralized controllers (e.g. proportional-integralderivative controller controllers), to avoid internal conflicts with the different control loops. Also, observing the CCF and the confidence intervals of the best subsets of K and O groups, it is possible to infer if some control structure designed based on the group O will be able to compensate kinetic/stoichiometric uncertainties, since the industrial controllers are model-based controllers, which mean that the controllers' performance is dependent on the model accuracy. In the studied case, the operational variables of Manresa WWTP are able to keep the plant under a stable operating point since the CCF of subsets of the O group is lower than the K group as well as the confidence intervals.
Conclusions
The ASM2d model was calibrated for the Manresa WWTP (Catalonia, Spain) using the ''seeds'' methodology, which permits to calibrate models with the lowest number of parameters, avoiding the correlation among the parameters optimized. As a novel approach in ASM model calibration, the uncertainty on the influent characterization could be evaluated fixing the kinetic and operational variables at their default/common values and varying multipliers of the influent vector until reach the best objective function value and lower correlation amongst the calibration parameters (multipliers). One of the advantages of this novel approach was to identify what influent states should be better characterized. In terms of process control, the applied methodology was able to identify the most correlated operational variables, aiding to build decentralized control structures with less internal conflicts amongst all the WWTP feedback loops.
